ABSTRACT Anxiety is a kind of extremely negative emotion, and long-term anxiety is the cause of many serious physical and mental diseases. In daily life, real-time and accurate detection of anxiety state is conducive to block the physical and mental hazards of anxiety timely. Anxiety detection based on autonomic nervous patterns has achieved high-detection precision in certain scenes. However, motion interferes with anxiety detection in arbitrary scenes of daily life, leading to the false report of anxiety. This paper designed four different intensities of motions to analyze the autonomic nervous activity of typical motion states, found out the motion states with similar autonomic nervous patterns to the anxiety status, and identified the motion interference that would cause false detection of anxiety state. A multi-modal real-time anxiety detection system was built in this paper. The ability of the above system to detect motion interference and exclude false anxiety status was validated both in the laboratory and in real life scenarios.
I. INTRODUCTION
Anxiety, especially sustained anxiety, is a high risk of cardiovascular diseases [1] , [2] . Previous researches have found that anxiety is associated with high risk of cardiovascular mortality, coronary heart disease, stroke and heart failure [1] , [2] . Anxiety can be elicited in many real-life scenarios, e.g. academic tests [3] , activities with social exposure [4] , activities accompanied with the painful feeling [5] , conditions of life-threatening diseases [6] , et al. During the episode of acute anxiety, the sympathetic branch of the autonomic nerve system is activated, usually with the concurrence of parasympathetic withdrawal. The anxiety-caused autonomic imbalance can be relieved by emotion regulation and sleep [7] , [8] . However, failed regulation of autonomic imbalance causes fatigue symptom [9] in the near future and the metabolic syndromes [10] in a long run.
The RR interval time series extracted from ECG directly show the heartbeat dynamics controlled by the autonomic nerve system. Therefore, the heart rate and heart rate variability revealed by the RR interval features are good measures of autonomic nervous activity [11] , [12] . The first three heart rate features applied in [11] are the measures of parasympathetic nerve activities, and the fourth heart rate feature is a measure of heartbeat complexity.
It is well known that motions interfere with the physiological data acquisition, damaging the waveforms of the physiological signals [13] . Robust noise elimination methods have been proposed in literature to ensure the effective ECG data acquisition with wearable equipment in real life [14] , [15] . However, although RR interval series with good accuracy can be calculated from the ECG data with high signal-to-noise ratio, it is still not clear how motions may interfere with the unsupervised and real-time detection of the episode of acute anxiety in real-life scenarios.
Motions with various intensities are inevitable in daily life, and unsupervised anxiety recognition in arbitrary scenarios should consider which intensities of motions could lead to the false detection of anxiety. Therefore, we designed four different intensities of motions based on the triple-axis acceleration (TAA) data, acquired the ECG data during and right after the motions, calculated and analyzed the RR interval series, extracted the four RR interval features mentioned above [11] , and finally found out the motion intensities that would cause the false detection of anxiety. In order to improve the anxiety detection accuracy of the method proposed in our previous work [11] , the TAA data was introduced in a multi-modal real-time anxiety detection system to identify the motion intensity of the users. We expect that the accuracy of the system will be greatly improved through the exclusion of false anxiety reports caused by motion interference.
II. RELATED WORK
Due to the harmful effect of anxiety on the mental and physical wellbeing of the people, previous studies have tried to detect the episode of acute anxiety by means of physiological pattern recognition. In literature [16] , a deep learning method is applied to distinguish the affective states of relaxation, anxiety, excitement and fun. The best recognition result of anxiety, an average prediction accuracy of nearly 70 percent, is achieved by the fusion of skin conductance and blood volume pulse signals [16] . In literature [17] , a Kalman filtering framework is proposed to realize unsupervised and real-time prediction of the anxiety-related arousal of the children with autism spectrum disorder. With the RR trend data extracted from the electrocardiogram (ECG), the anxietyrelated arousal prediction sensitivity and specificity of the above Kalman filtering methodology are respectively 99% and 92% [17] . In literature [18] , heart rate has been mapped to drum beat, so that the anxiety status of children with profound disabilities can be evaluated through physiological indicators.
Our previous work has found that anxiety significantly reduces the complexity of the heartbeats [11] . With four heart rate features, i.e. the standard deviation of the RR intervals (SD), total power of the RR intervals between 0.15 Hz and 0.4 Hz (HF), the mean of the first differences of RR intervals (MFD) and the range of local Hurst exponents (RLHE), a support vector machine (SVM) classifier has obtained 0.9050 F1 score for the detection of high anxiety status [11] . A real-time anxiety monitoring system has been established by using the above four heart rate features, and the system has successfully detected high anxiety status in the real-scene thesis defense [11] .
Previous studies on physical exercises have shown that running accelerates heart rate and decreases heart rate variability [19] . After physical exercises, the rapid heartbeat and decreased heart rate variability need several minutes to return to the resting levels [20] . Considering the similar autonomic nervous responses of physical exercises and anxiety, if the heart rate features are applied for anxiety detection, physical exercises would cause false detection of anxiety. Previous researches in affective physiological pattern recognition avoid motion interference by experiment control. Many previous experiments acquired physiological data from the subjects when they were sitting or standing, so that the body motion of the subjects was rare [11] , [21] - [23] . However, body motion is inevitable in daily-life, even when people are doing office work [24] . In literature [24] , accelerometer data have been applied to show the body motion states of the users. With the help of accelerometer data, the long-term daily-level stress of the users has been monitored [24] . As the aim of the work in [24] is not to distinguish mental stress from physical stress, body motion has not interfered with the target emotion recognition. As to real-life anxiety detection, the autonomic nervous response of body motion interferes with that of anxiety, and more research work is needed to verify the influence of motions with different intensities on real-life anxiety detection.
III. DATA ACQUISITION AND PREPROCESS

A. SUBJECTS
The subjects aged from 17 to 26 years (average age: 22.8 years) were recruited from Southwest China University. According to the experimental requirement, the subjects should have no history of diagnosed mental illness or cardiovascular diseases. Additionally, all of the subjects were required not to take alcohol, tobacco products and irritating drugs within 24 hours before the data acquisition. Before the motion experiment, the subjects signed the informed consent and ensured that they were not exposed to real-life stressors in the recent week. The subjects were allowed to quit the motion experiment at any time if they felt any discomfort. The research was carried out following the principles of the Declaration of Helsinki.
B. EXPERIMENT PROCEDURE
Four motions with apparent intensity differences, i.e. fast running, jogging, walking and sitting, were chosen to be the tasks during the data acquisition of TAA and ECG data. The fast running, jogging and walking tasks respectively included two phases, the motion phase and the resting phase. In the fast running phase, the subjects were asked to fulfil an 800-meter race with their maximum speed. After the 800-meter race, the subjects stood quietly for ten minutes as the rest phase. In the jogging phase, the subjects were asked to run slowly for ten minutes. After the jogging task, the subjects stood quietly for five minutes as the rest phase. In the walking phase, the subjects were asked to walk slowly for ten minutes, followed by a five-minute rest phase. The sitting task required the subjects to sit quietly for five minutes.
After excluding the ECG electrode failure data from normal data, we obtained 35 records of fast running data, 24 records of jogging data, 24 records of walking data and 24 records of sitting data.
C. DATA PREPROCESS
Firstly, the baseline drift of the ECG data was eliminated through wavelet decomposition and reconstruction [11] . Then, the RR intervals were calculated from the reconstructed ECG data by using an automatic R peak location algorithm with adaptive running window length [11] . Besides, the missing heartbeats in the ECG data caused by status update of Shimmer3 ECG device and motions were excluded from the RR interval calculation.
After baseline calibration, the absolute values of each channel of TAA data were added to form a one-dimensional acceleration time series (ATS). The start timestamps of the rest phases of fast running, jogging and walking were determined through the sudden reduction of ATS amplitude at the end of the motion phases. Besides, the mean ATS amplitudes of fast running, jogging, walking and sitting are shown in Figure 1 , in which we can see the apparent intensity differences of the four motion tasks.
IV. AUTONOMIC PATTERN ANALYSIS OF MOTIONS A. FEATURE EXTRACTION
Our previous work has shown that the SD, HF, MFD and RLHE indexes of the RR interval series are the best features for the SVM classifier to detect high anxiety status in realscene thesis defense [11] . In this work, we also applied the above four features for anxiety detection. In order to explore which intensities of motions may cause false anxiety detection, the autonomic nervous patterns of the motions were described as the combination of the above four RR interval features.
B. ANXIETY DETECTION IN MOTION STATES
A running window of 104 RR intervals was used for anxiety detection in the motion states. The RR interval features were calculated in each data window, and the running step of the data window was one RR interval.
During the motion data acquisition, the subjects were not under high anxiety status. Therefore, if high anxiety states were detected during the motion phases and the rest phases, they should be false anxiety states. Table 1 shows the number of false anxiety detection in the motion and rest phases of the subjects. We can see that walking, rest after walking and sitting phases only have few false anxiety detection ratios. However, fast running, rest after fast running, jogging and rest after jogging have non-ignorable ratios of false anxiety detection. Therefore, fast running, jogging and their rest phases apparently interfere with anxiety detection.
Although the rest phases of fast running and jogging were set to be ten and five minutes, we found that false anxiety detection happened in the durations very close to the end of motions. Figure 2 shows the duration between the end of motions and the last false anxiety detection in the rest phases of fast running and jogging, namely, t = t LFAD − t EM . We can see that the rest phases of fast running and jogging necessary to exclude false anxiety detection are much shorter than five minutes.
Bilateral two sample t-test shows that the t of the rest phase of jogging is not significantly different from that of fast running. Therefore, the intensity of running may not be the key factor that determines the length of t. We further considered the relationship between the heart rate at the end of running (HRER) and the t in the rest phase of running. Figure 3 shows the scatter plot of HRER and t. We can see that there is a trend of increasing t along with increasing HRER. Fitting the data in Figure 3 with a line t = p 1 × HRER + p 0 , we get the parameters p 1 = 0.5202 and p 0 = −43.7141.
V. MULTI-MODAL ANXIETY DETECTION SYSTEM AND ITS VALIDATION A. SYSTEM DESIGN AND IMPLEMENTATION
The multi-modal real-time anxiety detection system in this work inherits the anxiety detection model in [11] , and the TAA data are applied to identify the motion intensity of the VOLUME 6, 2018 user. We define a motion interference of anxiety detection by the motion intensity and the heart rate at the end of the motion. If a motion state has similar intensity to those of fast running and jogging, or it causes heart rate similar to fast running and jogging, anxiety detection is prohibited at the motion state and its rest phase. At specific real-life scenarios, the empirical length of rest phase of the motion interference is user-dependent. It is empirically set to be 2 minutes in the real-life validation of the system and 0 minute in the laboratory-elicited anxiety situation, where the subjects were required to stand and have a public speech. Anxiety and motion interference were detected with a running window of 104 RR intervals and a running step of one RR interval. The framework of the system is shown in Figure 4 .
The prototype system was implemented based on the Shimmer3 ECG device and the MATLAB software, and the interface of the prototype system is shown in Figure 5 . The system interface includes the display windows of real-time ECG signal and one channel of accelerometer signal, the 'Port setting panel', the 'Result display panel' and the 'Operation panel'. If anxiety is detected, the start and the end timestamps of currently detected anxiety status is shown in the 'Result display panel'. If the user is at the motion interference state, the system shows the motion interference information in the 'Result display panel'. The delay represents the duration between two consecutive result updates. The click of the 'End' button in the operation panel will end the anxiety detection and lead to manual saving of the acquired data during the running of the system.
B. SYSTEM VALIDATION
The multi-modal real-time anxiety detection system was validated in the laboratory, where anxiety was elicited with the trier social stress test protocol, and in real-life office activities. The real-life office activities were not stressful, and the users of the system were not anxious during the system validation. The aim of the real-life validation of the system is to reveal how many motion interferences would be detected in several hours of office activities.
Twenty-seven college students aged 17-20 years (mean age: 18.7 years) were recruited at Southwest China University to take part in a public speech with the presence of 21 members of audience. The anxiety-eliciting procedure was the same to that in [11] , and the subjects wore the Shimmer3 ECG device during the public speech. If the multi-modal realtime anxiety detection system detected high anxiety status of the subject, the public speech paused when the experimenter inquired the subject about whether and why he/she was anxious.
The numbers of true anxiety detection and motion interference during the public speech of the subjects were respectively 403 and 834. The RR interval data during the detected motion interference were offline checked for the autonomic nervous pattern similar to that of high anxiety status, and we found that the system excluded 48 times of false anxiety detection. Without the motion detection function, the anxiety detection system would have 48/451 more error. That is to say, compared with that of the anxiety detection system in [11] , the accuracy of the multi-modal anxiety detection system in this work was improved 10.64%.
Twenty records of RR interval and accelerometer data during real-life office activities were obtained from twelve users. Each user took part in the experiment once or twice, and the acquisition duration of each data record was 1.5∼2.6 hours, with most records longer than 2 hours. The office activities included sitting and doing the work with mild cognitive load, drinking water, walking to fetch things, going downstairs to another office and returning later, et al. Although most office activities did not involve motions with strong intensity, the activities such as going up and down stairs might have enough intensity to cause autonomic nervous patterns similar to that of anxiety. In the office session of system validation, the system detected 639 times of false anxiety and excluded 724 times of false anxiety. Without the motion detection function, the anxiety detection system would have 724/1363 more error. The validation results are shown in Table 2 .
VI. CONCLUSION
Although motion is inevitable in daily life, only motions with strong intensity similar to that of fast running and jogging will cause non-ignorable ratio of false anxiety detection. The multi-modal real-time anxiety detection system in this work applies TAA signal to identify the motion intensity, detect motion interference and exclude false anxiety detection caused by motions. With the motion interference detection function designed in the current work and anxiety detection model inherited from our previous work [11] , the above multi-modal anxiety detection system significantly enhances its anxiety detection accuracy by decreasing false anxiety detection both in the laboratory and in real-life scenarios. 
